Abundances of semi-pelagic fish are often estimated using acoustic or bottom trawl surveys, both of which sample only a fraction of the water column. Acoustic instruments are effective at sampling the majority of the water column, but they have a near-surface blind zone and a nearbottom acoustic dead zone (ADZ), where fish remain undetected. Bottom trawls are effective near the seabed, but miss fish that are located above the effective fishing height of the trawl. Quantification of the extent of overlap between these gears is needed, particularly in cases where environmental factors play a role. We developed logistic regression models to predict the availability (q a ) of walleye pollock (Gadus chalcogrammus) to both acoustic and bottom trawl gears using factors shown to affect q a (depth, light intensity, fish length) and introducing additional factors (tidal currents, surface and bottom temperature, sediment size). Results build on earlier studies and quantify the uncertainty associated with the estimation of the ADZ correction using Bayesian methods. Our findings indicate that on average during the day, walleye pollock are more available to the bottom trawl than to the acoustics. Availability to both gears depends mostly on bottom depth, light conditions, and fish size, and to a lesser extent sediment size. Availability to the acoustic gear is also related on surface temperature. Variability in availability to both gears also depends on environmental factors.
Introduction
Semi-pelagic fish species occupy both demersal and pelagic habitats. The semi-pelagic gadoid walleye pollock (Gadus chalcogrammus; Coulson et al., 2006) in the eastern Bering Sea (EBS) is surveyed using both bottom trawl (BT) and acoustic sampling gears (Karp and Walters, 1994) . Bottom trawls catch fish from near bottom up to the effective fishing height of the trawl (EFH; Aglen, 1996; Hjellvik et al., 2003) . The EFH can be higher than the trawl headrope height because fish in the pelagic zone may swim towards the bottom in response to vessel noise, towing wire, and doors (Ona and Godø, 1990; Nunnallee, 1991) . The bottom trawl will thus catch fish that originally were situated higher in the water column (Aglen, 1996) . Acoustic instruments detect fish through the majority of the water column except near boundaries that include a nearsurface blind zone and a near-bottom acoustic dead zone (ADZ, Hjellvik et al., 2003) . The near-surface blind zone is not a concern for pollock because they are rarely found in surface waters (Honkalehto et al., 2011) . Although pollock BT and acoustic surveys have been performed in the EBS for decades (Honkalehto et al., 2011, Lauth and Nichol, 2013) , understanding of the relationship between abundance indices derived from these two methods is still lacking, and consequently two separate indices of abundance are currently used in the pollock stock assessment .
Knowledge of catchability of each survey is necessary to understand if and how BT and acoustic abundance indices are related. Catchability is defined as the product of availability (q a ) to the sampling gear and the efficiency (q e ) of that gear (e.g. Godø, 1994) . The availability of pollock to the BT gear (q a,BT ) is defined as the proportion of fish in the water column that are present in the bottom trawl zone (BTZ, i.e. between the substrate and the EFH), and availability to the acoustic gear (q a,A ) as the proportion of pollock present above the ADZ. The efficiency of the BT (q e,BT ) is defined as a proportion of fish within the BTZ that are caught and retained by the BT. The efficiency of the acoustic gear (q e,A ) can be assumed to be 1, given the negligible acoustic shadowing effect (Zhao and Ona, 2003) at the backscatter levels observed for pollock in the EBS . Catchability is unknown for most fishery-independent surveys, and is often assumed to be stationary in time and space, resulting in constant bias in survey abundance estimates (Kimura and Somerton, 2006) . Surveys with constant bias are often useful as relative indices of abundance, especially if undertaken over long periods (Rose et al., 2000) . However, changes in fish vertical distribution in response to environmental factors can result in variable q a , and thus lead to temporal variability in the bias of abundance estimates (Lawson and Rose, 1999; Petrakis et al., 2001) , which can result in misleading abundance trends over time and space and could cause biases in stock assessments (Walsh, 1996; Thorson et al., 2013) or affect interpretation from process studies on ecological and dynamics (e.g. Kotwicki and Lauth, 2013) .
Despite the consequences of variable catchability, only a handful of studies have addressed problems of spatially and temporarily variable q a of fish to BT and acoustic survey gears. The presence of target species in the ADZ (e.g. McQuinn et al., 2005) or in the zone above the EFH (Hjellvik et al., 2003) impacts the ability of the survey gear to detect or capture all fish present in the water column (Lawson and Rose, 1999) leading to biases in abundance estimates from both surveys. Furthermore, researchers have found that the q a of semi-pelagic species such as Atlantic cod (Gadus morhua) and haddock (Melanogrammus aeglefinus) can vary between day and night and in response to tidal currents (Michalsen et al., 1996; Lawson and Rose, 1999; McQuinn et al., 2005) . Pollock BT and acoustic surveys are conducted exclusively during daylight hours to avoid a diel bias in catchability. However, Kotwicki et al. (2009) showed that variation in daytime light levels were large enough to affect q a of pollock to the BT and acoustic surveys, leading to non-stationarity in survey catchability. In addition to light effects, studies have also found that the vertical distribution of semi-pelagic species can be affected by other factors such as depth (e.g. Beamish, 1966; Abe et al., 1999; Gauthier and Rose, 2002) , water temperature, currents, fish length (e.g. Godø and Wespestad, 1993 , Michalsen et al., 1996 , and predator-prey interactions (e.g. Giske et al., 1990) .
In summary, because q a is a function of environmental conditions, achieving constant survey catchability across time and space for semi-pelagic species may be impossible regardless of survey standardization efforts. It is therefore important to determine the relationship between q a and the environment, and develop methods to incorporate this knowledge into stock assessments and other studies that use survey data. Modelling the relationship between q a and environmental variability should improve the accuracy of abundance estimates and lead to a better understanding of ecosystem processes (e.g. Hjellvik et al., 2002; .
The derivation of q a for either BT or acoustic surveys is difficult because it requires knowledge of the total amount of fish available to either survey. To obtain q a estimates for the BT, it is necessary to know the density of fish above the EFH, which can be obtained from acoustic data collected simultaneously with each BT tow. To obtain q a estimates for acoustics, it is necessary to know the density of fish in the ADZ. In this study, synchronously collected BT and acoustic data were used to extend previous studies of q a (Aglen et al., 1999; Hjellvik et al., 2003; Kotwicki et al., 2009 ), using ADZ correction estimates and BT EFH parameter estimates from acoustic and BT data . An evaluation of the relationship between q a and environmental covariates improved our understanding of pollock vertical availability to both the BT and acoustic surveys, and contributed to general understanding of their vertical behaviour. It also has the potential to improve how survey results inform pollock stock assessment models.
Methods
The acoustic backscatter and bottom trawl catch data used in this investigation were collected during the annual EBS Alaska Fisheries Science Center (AFSC) BT surveys conducted in June and July between 2005 and 2009 during daylight hours-30 min after sunrise and 30 min before sunset (Lauth and Nichol, 2013) . The acoustic data analysed here do not come from the biennial acoustictrawl survey of walleye pollock (Honkalehto et al., 2011) . However, methods for collecting data are the same as during these EBS acoustic surveys. They were collected using acoustic transducers mounted on the hulls of the BT survey vessels. BT surveys were conducted using the chartered fishing vessels FV Aldebaran, FV Arcturus, and FV Northwest Explorer to sample fixed stations at the centres of a 20 × 20 nautical mile grid cells ( Figure 1 ) using a standard 83 -112 eastern otter trawl (Stauffer, 2004) . The corners of the grid cells were also sampled in areas surrounding St Matthew Island and the Pribilof Islands. Surveys started in the southeastern corner of Bristol Bay and proceeded westward. The standard tow duration and speed was 30 min at 1.54 m s 21 (3 knots). Processing of acoustic data is described in . In summary, acoustic backscatter at 38 kHz collected while the vessel was trawling was processed using a semi-automated procedure (Alverson and Pereyra, 1969) and length frequency subsamples were taken from the BT catch. Area-swept was estimated by multiplying distance fished, as indicated by a bottom contact sensor (Somerton and Weinberg, 2001) , by the average distance between wing tips measured using Netmind spread sensors (see Weinberg and Kotwicki 2008, for details) . These estimates were transformed into equivalent s A (s A,BT ) units using the method of Doray et al. (2010) and an empirical target strength-length relationship for pollock (Traynor, 1996) . Hereafter, all measures of pollock density are presented in units of s A for consistency and comparability between data from BT and acoustic instruments, and s A,BT will be used to refer to the data from the BT and s A,AC will be used in reference to the acoustic data.
Predictor variables
Depth and temperature were measured during each trawl using a Seabird SBE-19 micro-bathythermograph (MBT) attached to the headrope of the BT. Average bottom depth during each tow was calculated as the average MBT depth summed with average acoustically detected headrope height (Lauth and Nichol, 2013) . Near-bottom light levels were collected during each trawl using Wildlife Computers MK-9 archival tags (see Kotwicki et al., 2009 , for details) also attached to the headrope of the BT. These tags provided relative values (between 0 and 256) of near-bottom light levels sampled at 1 Hz that were then averaged over the duration of the trawl tow. Sediment size was estimated at each station using historical data from grabs and dredges (Smith and McConnaughey, 1999) , and interpolated (Paul Spencer, AFSC, unpublished data) using ordinary kriging (Oliver and Webster, 1990) . Sediment data were expressed in units of "phi" (negative log 2 of the diameter in millimetre), where higher values correspond to smaller particle sizes (Wentworth, 1922) . Tidal current speed, used as a proxy for bottom current, was predicted for each tow using Oregon State University's Tidal Inversion Software (http://www.oce.orst.edu/ research/po/research/tide/region.html; Egbert et al., 1994; Egbert and Erofeeva, 2002) . The Tidal Inversion Software has been shown to provide reasonable predictions of near-bottom currents in the EBS (Nichol and Somerton, 2009 ). The mean fish fork length was calculated from length frequency data obtained from BT catch samples.
Availability calculations
By definition, availability is the proportion of fish that are present in the water column available to the survey gear. Specifically, availability of pollock to the BT was defined as:
where q a,BTi is the proportion of fish available to the BT at location i, s A,BTZi fish areal density in the BTZ, and s A,ti total fish density in the water column. Availability of pollock to acoustic measurement was defined as:
where q a,Ai is the proportion of fish available to acoustic measurement, and s Ai the fish density above the ADZ. Estimates of s A,BTZi and s A,ti were obtained from acoustic data collected during trawls, coupled with a model that combines bottom trawl and acoustic data (Model D of :
where s A,BTi is fish density detected by the BT, r q the catchability ratio between the bottom trawl and acoustics (which accounts for differences in catchability between the two methods-i.e. potential biases associated with the target strength fish length relationship or horizontal herding by the BT), EFH the effective fishing height of the trawl, and e 1 is lognormally distributed error. Acoustic backscatter in the BTZ from 0.5 m to the EFH is represented by the term EFH 0.5 s A,ACi , and the term e bXi h 0.5 s A,ACi + e cXi is an estimate of the ADZ correction. The parameter h determines the height of the near-bottom acoustic layer, which is used to estimate the ADZ correction. Environmental variables (bottom depth, surface temperature, sediment size, current speed, bottom light level) and the mean fish length were included in the model as linear covariates X i , where b and c in Equation (3b) are vectors of parameters. The parameter a represents density-dependence of BT efficiency within the BTZ [see Table 2 in , for the estimates of the parameters of Equation (3)].
Equation (3a) was fitted to the data using Automatic Differentiation Model Builder (ADMB; Fournier et al., 2012) to obtain maximum likelihood estimates (MLEs) of the vectors q a,BT and q a,A (each element of these vectors represents an estimate of q a at location i) under the assumption of lognormality:
where NLL is the negative log likelihood, N T the number of tows, s the error variance, and s A,BTi the model prediction from Equation (3a). Between-tow variability in q a,BT , and q a,A was assessed by estimating their corresponding means and standard deviations, and constructing histograms.
To propagate uncertainty from model (3a), we used Markov chain Monte Carlo (MCMC) sampling, based on the MetropolisHasting algorithm (Plummer et al., 2006) . This approach resulted in no need to use previously MLE-derived parameter estimates from (3), but instead in subsequent modelling, we used posterior distributions for q a,BT and q a,A in form of a sample of 1000 vectors from each distribution. Priors for all parameters for the MCMC analysis were chosen to be uniform over ranges exceeding possible values for the parameters to assure that MCMC sampling encompasses all possible combinations of parameters. The MCMC chain was thinned by choosing every 10 000th sample to avoid Factors affecting the availability of walleye pollock autocorrelation between subsequent samples. MCMC diagnostics involved visual examination of traces and density plots for all parameters, estimating autocorrelation between samples, and calculating Geweke statistics for all parameters (Cowles and Carlin, 1996) . None of these diagnostics indicated a lack of convergence of the MCMC algorithm.
Estimating relationship between availability and predictor variables Data used to estimate catchability and availability from fisheries surveys have been commonly fitted using logistic regression (Harley and Myers, 2001; Somerton et al., 2007) , with the assumption that the data come from a binomial distribution. Preliminary analysis of the MLEs of q a suggested that the assumption of a binomial distribution was inappropriate due to overdispersion (i.e. additional variance in the response data; Hinde and Demétrio, 1998) . Sources of overdispersion have been attributed to sampling methods and fish behaviour (Coggins and Quinn, 1998; Crone and Sampson, 1998) , and to spatial heterogeneity (Lindén and Mäntyniemi, 2011) . We attempted to account for overdispersion as follows. The highest posterior density estimates of the q a vectors were fitted to the logistic function:
where E denotes sampling equipment type (BT, acoustics), a an offset parameter, b a vector of parameters, X i a matrix of the predictor variables, and 1 a normal error. Three alternative approaches were taken to fit Equation (5) to the q a,BT data to account for overdispersion. The first used generalized linear modelling (glm function in R; Faraway, 2004 ) assuming a quasi-binomial likelihood. In quasilikelihood, overdispersion is modelled by the addition of a constant overdispersion parameter that scales the variance around the mean, allowing the variance in the response variable to differ from the variance assumed for the binomial distribution (Hinde and Demétrio, 1998) . The second approach used generalized linear mixed modelling (lme4 package in R; Bates and Sarkar, 2012) , where overdispersion is modelled as a random effect in the linear predictor (Hinde and Demétrio, 1998) . The third approach involved beta regression models (Ferrari and Cribari-Neto, 2004 ) extended by Simas et al. (2010) , who suggested linking the overdispersion parameter to an additional set of predictors allowing the variance of the response variable to depend on predictors. The "logit" link function was used for the response variable in all three models. The "identity" link was used to model the variance component in the beta regression models. Model selection was performed by removing model terms one by one and using Akaike's information criterion corrected for finite sample size (AICc; Burnham and Anderson, 2010) . We have chosen the AICc because it naturally provides a balance between model fit and model complexity and it does not require the testing of significance of predictor variables (Faraway, 2004) . Full models consisted of all predictor variables and three interactions terms:
where BL is near-bottom light, BD the bottom depth, STemp the surface temperature, BTemp the near-bottom temperature, TC the tidal current speed, PP the sediment size, FL the mean fork length of pollock, and "density" stands for total density of pollock in the water column.
First, the full model was run, and AICc was calculated. Second, all possible reduced models were run by removing one predictor variable at a time. The variable was permanently removed if the AICc of the reduced model was lower than eAICc of all other reduced models as well as the full model. Term removal continued until no reduction in the AICc was achieved. In the beta regression models, where both availability and overdispersion parameter were linked to predictor variables, one term achieving the greatest reduction in AICc was removed from each linkage at a time. The three approaches for handling overdispersion were compared by inspecting residuals and performing leave-one-out cross validation (Kohavi, 1995) based on the root mean square error (RMSE) for the response variable. The best approach was then applied to each of 1000 samples from the posterior distributions of q a and used to estimate 1000 vectors of parameters a and b and the overdispersion parameters for both the BT and acoustic data. Estimated means of these parameters were then used to assess the effect of predictors on q a . To quantify the effects of possible multicollinearity in linear predictors variance inflation factors (VIFs; Kutner et al., 2004) were calculated for all linear terms in the final models.
The effect of each predictor was assessed by predicting q a in the range of predictor values (i.e. range between observed minimum and maximum values of each predictor), while all other predictors were set at their weighted (by density) means estimated from the data. For example, q a was predicted using the best model for all observed values of bottom depth, while all other predictor variables were fixed at their means to estimate relative effect of the bottom depth on q a . The interpretation of interaction terms was examined using bivariate contour plots of predicted q a in the observed range of both predictors, while all other predictors were set to their weighted means.
The effect of each predictor on variance (V a ) for the beta regression was assessed by estimating 95% confidence bounds around q a predictions in the range of observed predictor values, while all other predictors were set to their means. Confidence bounds were determined using the mean prediction of a precision parameter (∅ ) obtained from 1000 samples from the posterior of q a . Variance was then estimated using the method of Ferrari and Cribari-Neto (2004) :
Estimates of q a,i and V a,i were then used in the qbeta function (R Core Team, 2012) to obtain 95% confidence limits for the q a predictions.
Results

Availability estimates
MCMC trace and density plots indicated good convergence for all parameters used in estimation of q a,BT and q a,A . No autocorrelation was detected between MCMC samples for any of the parameters. Geweke statistics showed no significant differences between the start (first 10%) and second half of the MCMC chains. Most of the pollock in the water column were available to the BT during most of the tows (Figure 2a ; mean q a,BT ¼ 0.915), while availability to the acoustics was much lower (Figure 2b ; mean q a,A ¼ 0.287).
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Between-location variability of the q a,BT (standard deviation ¼ 0.147) was lower than that of the q a,A (standard deviation ¼ 0.197).
Model selection
The RMSE from the cross-validation procedure for q a,BT was lowest for the model based on a beta distribution (RMSE ¼ 0.124; the RMSEs for both other methods were 0.153), which also had (in contrast to the other methods) no trends or heteroscedasticity in residual pattern relative to fitted values (Figure 3) . We also checked for trends in the residuals against all predictor variables and found no trends in beta regression method. Using the beta regression approach with the extension of Simas et al. (2010) also enabled the overdispersion parameter (∅) to be linked to predictors. This linkage was important because it also provided a way to address heteroscedasticity (i.e. non-stationary variance) within the regression framework (Simas et al., 2010) . For example, scatterplots of quasibinomial and mixed effect model standardized residuals (from BT model) vs. fitted values (Figure 3a and b), and plots of beta regression residuals (non-standardized) vs. bottom light and bottom depth (Figure 4a and c), exhibited heteroscedastic patterns. Variance among predicted values was larger at lower light levels and in deeper waters. Heteroscedasticity in the beta regression was avoided by modelling ∅ as a dependent variable, as shown in plots of standardized residuals against fitted values ( Figure 3c ) and against bottom light and bottom depth (Figure 4b and d) .
Predictor effects on q a are based on the beta regression method. The final beta regression models (see Tables 1 and 2 for coefficient estimates and standard errors) indicated that:
∅ a,BTi BL + BD + PP + FL × log (density)
and q a,Ai BL + BD + STemp + PP + FL × log (density)
+ factor (year),
∅ a,Ai BL + BD + PP + TC + factor (year).
Despite ignoring significance levels (p-values) in the variable selection procedure, p-values for all variables in final models were relatively low (,0.07 for either the variable by itself, or in the interaction term; Tables 1 and 2 ) indicating high statistical significance for all the detected effects. Estimates of VIFs for all predictors in final models were in the range of 1 -2 ( Table 3 ), indicating that multicolinearity of predictor variables had a small impact on inflating variance around predictor parameters (Kutner et al., 2004) .
Availability of pollock to the BT and acoustic gear
The predicted proportion of pollock available to the BT was lowest (0.65) in the darkest conditions and increased with increasing light levels to nearly 1 (Figure 5a ). The confidence bounds around q a,BT indicated predictions of q a,BT were highly uncertain in dark conditions and that precision increased with light intensity. Fork length was the second most influential predictor of q a,BT , which increased from 0.8 to 0.97 across the range of observed mean fish lengths (Figure 5b ). Fork length also affected the uncertainty of the q a,BT estimate, because confidence bounds indicated low precision in q a,BT in tows with smaller fish and increased precision with increasing fish length. The third most important variable was bottom depth; q a,BT was highest at the shallowest depths and decreased slightly with increasing depth (Figure 5c ). The confidence bounds were narrowest in shallow waters and widened with increasing depth. A decrease in sediment size led to a slight increase in q a,BT and its precision (Figure 5d ). Increases in total pollock density had only a slight decreasing effect on q a,BT and the precision of the prediction (Figure 5e ). 
Factors affecting the availability of walleye pollock
The interactions BL × BD and FL × log(density) in the q a,BT model indicated a non-linear relationship between these variables and q a,BT . The BL × BD interaction indicated that q a,BT was .0.9 at near-bottom light conditions above 80 relative units regardless of depth (Figure 6a) . Similarly, q a,BT was . 0.9 at depths below 60 m, regardless of light conditions. However, predicted q a,BT decreased rapidly with decreasing light levels and increasing depth (Figure 6a) . A similar pattern was observed for the interaction between FL and log(density) (Figure 6b ), where predictions of q a,BT were high and relatively constant for pollock larger than 40 cm during tows with both high and low pollock densities. However, simultaneously increasing density and decreasing pollock length rapidly reduced predicted q a,BT .
Predicted availability to acoustic equipment was generally lower than predicted availability to the BT in comparable conditions (Figures 7 vs. 6 ). Confidence bounds around the predictions of q a,A were much wider than confidence bounds around q a,BT , indicating higher uncertainty in the q a,A predictions (Figure 7 ). Relatively strong effects on q a,A were observed for surface temperature and fork length, with q a,A decreasing from 0.6 to 0.2 with increasing values of these two variables (Figure 7a and b) . Uncertainty of q a,A was independent of the values of these two variables, but tended to decrease with decreasing sediment size (Figure 7c ). Values and uncertainty of q a,A tended to increase with increasing depth (Figure 7d) , whereas values and uncertainty of q a,A tended to decrease with increasing near-bottom light levels (Figure 7e ). Total fish density affected q a,A , but only at low densities (Figure 7f ). Increasing tidal current speed did not affect q a,A , but it led to a slight decrease in uncertainty (Figure 7g ).
Discussion
Factors affecting the vertical distribution of fish in the water column determine the proportion of the population available to survey gear (e.g. Aglen et al., 1999; Lawson and Rose, 1999) . Variability in fish availability is a source of uncertainty in both bottom trawl and acoustic surveys (Byrne et al., 1981 , Johannesson and Mitson, 1983 , Godø and Wespestad, 1993 and, in consequence, can lead to biased estimates of abundance (Lawson and Rose, 1999; Petrakis et al., 2001) . Knowledge of processes determining fish availability to survey gear is an important part of the research needed to support stock assessments of many semi-pelagic species (e.g. Godø and Wespestad, 1993; Lawson and Rose, 1999; O'Driscoll et al., 2002) . This study adds to this knowledge by presenting a new method for estimating availability (beta regression), which provides a way to account for the effect of various factors on q a and to quantify the effect on these factors on the variability in q a . Moreover, this study represents the most comprehensive analysis to date of pollock availability in the EBS.
Pollock q a,BT in the EBS varied between 0.1 and 1 and q a,A varied between 0 and 1. This range of variability is a concern because it indicates that each survey methodology is prone to large errors in abundance estimates. The availability of pollock to the BT and acoustic surveys appears to depend on several factors; the spatial and temporal variability in availability can be partially explained by environmental variability, fish demographics, and fish spatial distribution. Knowledge of these effects on catchability can increase the accuracy and precision of abundance estimates from both types of surveys.
Assuming that the BT and acoustics sample different parts of the water column, one would predict that the effects of variables influencing q a for one gear type may have the opposite effect on the other (i.e. q a,BT ¼ 1 2 q a,A ; Kotwicki et al., 2009) . Results of this study indicate that this linkage exists to a certain degree as indicated by the opposite slopes of the relationships between predictor variables and q a,BT and q a,A (i.e. when fish become less available to one survey, they become more available to the other.). However, it is apparent that this relationship is not as simple as previously presumed by Kotwicki et al. (2009) . Differences in the relationship between predictor effects on q a,BT and q a,A arise from changes in the vertical distribution of pollock and the fact that the BTZ and the ADZ represent different regions in the water column. For example, q a,BT is determined by the proportion of fish in the BTZ, while q a,A is determined by the proportion of fish above the ADZ. In this study, the BTZ extended to 16 m off bottom, and the approximate height of the ADZ ranged between 1 and 1.5 m resulting in 15 m of the water column measured by both gear types. Vertical migration between the ADZ and the rest of water column, and between the BTZ and the rest of the water column, are likely to differ because of the large difference in depth between the top of the ADZ and the top of the BTZ, and may account for the observed differences in predictor effects between q a,BT and q a,A (e.g. surface temperature significantly affected q a,A , without affecting q a,BT ).
Results of this study confirm that near-bottom light levels and depth are among the most important factors affecting pollock availability to BT and acoustic surveys. Trends in the effects of nearbottom light intensity and depth on pollock q a for both the BT and acoustic gear were similar to earlier findings : increasing light levels and decreasing depth increased q a,BT and decreased q a,A. However, the magnitudes of the effects estimated in the present study were smaller than those reported previously. This difference is attributed to differences in methodologies used to estimate the ADZ corrections and the EFH. In the present study, we used ADZ corrections derived from BT catches and EFHs estimated from Equation (3) using synchronously collected Factors affecting the availability of walleye pollock BT and acoustic data. In contrast, Kotwicki et al. (2009) used ADZ correction estimates derived from the theoretically estimated ADZ volume (Ona and Mitson, 1996) and assumed that fish density in the ADZ was equal to fish density above the ADZ. The catch-based ADZ corrections and EFHs are preferable to volume-based estimates because of better performance of the models that combine BT and acoustic data . It must be emphasized to consider light and depth effects detected in our analysis as typical for daytime surveys only as the data came from the BTsurvey conducted exclusively during daylight hours. It is know that pollock often migrate vertically up in the water column during the night (e.g. Adams et al., 2009) . Therefore, during the night, we would expect decreased availability to the BT and increased availability to the acoustic gear.
The mean fork length of fish from the BT was also an important predictor for both q a,BT and q a,A , indicating that smaller fish are more likely to be distributed above the bottom while larger fish tend to be closer to bottom. This is consistent with previously reported findings that larger pollock are more demersal (Shuntov, 1992; Karp and Walters, 1994) . Miyashita et al. (2004) noted that most of the aggregations of large pollock stay near the bottom, while smaller pollock often ascend to the midwater to follow zooplankton. Findings of our study are also consistent with the estimates of acoustic and BT survey selectivity curves derived in the pollock stock assessment (Ianelli et al., 2009) , that show low selectivity for larger pollock in the acoustic survey, suggesting that larger pollock are more likely to be present in the ADZ.
The effect of sediment size for both q a,BT and q a,A suggests that it plays a role in pollock vertical distribution. Decreasing sediment particle size was associated with lower pollock availability to acoustic gear likely resulting from larger proportions of pollock in the ADZ (Figure 7c) . A possible explanation is that pollock prefer to be closer to the sandy mud bottom prevalent on the middle EBS shelf (Smith and McConnaughey, 1999) . Such bottom types are typical of the outer shelf and part of the middle shelf and may have higher food availability (Walsh and McRoy, 1986 ) than sandy bottom types more typical in the inner EBS shelf. Increased pollock density also appeared to affect both q a,BT and q a,A (Figures 5e and 7f) . We speculate that these effects may indicate a spillover effect from both the ADZ and BTZ. Both the ADZ and BTZ have finite volumes, and at high densities limited space in the preferred zone could cause fish to move to a less preferable depth. These density-dependent effects indicate that at high pollock stock abundance overall pollock population availability of acoustic survey will be higher than at low stock abundance and opposite will be true for the BT survey.
Surface temperature affected q a,A , indicating that pollock tended to be closer to the bottom when near-surface water temperature increased. This effect was not detected for q a,BT , indicating that the changes in vertical distribution occurred in the water column above the ADZ. Surface temperatures in the EBS vary seasonally with the maximum surface temperature occurring in the late summer and early autumn (August, September; Stabeno et al., 2012) . The abundance of zooplankton decreases in the EBS during this period (Springer et al., 1989; Chuchukalo et al., 1996; Coyle et al., 1996) , and the diets of 30249 cm pollock shift from zooplankton to fish and decapods (Dwyer et al., 1987) , possibly because of the low abundance of zooplankton prey. We hypothesize that pollock vertical distribution shifts downwards late in the season in response to changes in zooplankton abundance and shifts in pollock diet. Although data from the EBS are lacking, seasonal changes in vertical distribution of pollock consistent with our hypothesis have been found in the Sea of Japan (Kooka et al., 1998) , where pollock are distributed deeper during autumn than during spring.
Given that predictors from the BT and acoustic beta regression analyses explained only 32 and 29% of the total variation, respectively, other factors that could not be tested contribute to this variability. Factors that can affect vertical distribution include changes in food availability, prey density, predator avoidance, and weather Figure 6 . Contours of pollock availability to the bottom trawl (q a,BT ) with respect to interaction effects: bottom light and bottom depth (a) and fork length and fish density (b). Points represent data used in analysis.
Factors affecting the availability of walleye pollock Figure 7 . Predictor effects on pollock availability to the acoustics (q a,A ; solid lines) with 95% confidence bounds (dashed lines). Proportion represents predicted q a,A .
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S. Kotwicki et al. conditions. For example, juvenile pollock (,22 cm) may shift their vertical distribution to colder (deeper) waters to conserve energy when food is scarce (Sogard and Olla, 1996) . Olla and Davis (1990) reported that juvenile pollock also move vertically within the water column in response to prey density. Vertical distribution of copepods and euphausiids may affect pollock q a because these zooplanktons are major food sources for pollock smaller than 50 cm (Dwyer et al., 1987) . Pollock larger than 50 cm feed mainly on small pollock, other fish, and benthos (Dwyer et al., 1987; Yoshida, 1994; Shuntov et al., 2000) . Prey density has been found to influence vertical distributions of other species such as herring (Clupea harengus), whiting (Merlangius merlangus), and Norway pout (Trisopterus esmarkii; Onsrud et al., 2004) . Juvenile pollock have been observed to alter their vertical distribution to avoid predators (Sogard and Olla, 1993) . Weather conditions affect vertical distribution and BT catch rates of scad (Trachurus trachurus) and mackerel (Scomber scombrus; Ehrich and Stransky, 1999) ; changes were attributed to higher turbidity and bottom oscillation currents during increased wave-action. Although not studied, predator avoidance, prey fields, and weather conditions are all plausible variables that may affect pollock vertical distribution, and thus availability to BT and acoustic surveys. We did not include these additional variables in this investigation because data collected in the EBS have been scarce. However, new data sources and new methods of estimation of the pollock prey distribution are being developed (Ressler et al., 2012) . These developments will provide data that could be used to improve predictions of q a in the future.
Results of this study indicate that availability and associated uncertainty can be influenced by on environmental conditions to various degrees. Using the beta regression approach with the extension of Simas et al. (2010) enabled the inclusion of a precision parameter (∅) that was dependent on the predictors. Accounting for this dependence was important because it addressed heteroscedasticity within the regression (Simas et al., 2010) and also provided insight into relationship between variability in q a and predictor variables. It was found that uncertainty among predicted values of q a,BT is larger at low light levels (40-60 relative units) and in deep waters (140-160 m; Figure 5c ) than at higher light levels and shallower water. This pattern is not surprising because pollock are almost always near the bottom in shallow water and in high light conditions , resulting in highly precise predictions of q a,BT close to 1. Pollock can be found anywhere in the water column at low light levels and in deep water, resulting in higher uncertainty in q a,BT . Similarly, the expected decrease in uncertainty in q a,BT with increased fish size was also expected because large pollock tend to be distributed consistently close to the bottom, while small pollock are often present higher in the water column (Shuntov et al., 1993) .
The relationships between q a , ∅ a,Ai and predictor variables are specific to the situation, where both BT and acoustic data were collected simultaneously during trawling. It is unclear if the results would have been different if we had used acoustic data from a freerunning survey vessel. To date, two studies have been performed to compare pollock s A from free-running vs. trawling vessels. De Robertis and Wilson (2006) found that s A from a free-running vessel was significantly higher than that from a trawling vessel by 20%. On the other hand, von Szalay and Somerton (2009) found that s A from the free-running vessel was significantly lower than that from a trawling vessel by 30%. These contrasting results indicate that the relationship between trawling and freerunning s A could be specific to the vessel-trawl combination (von Szalay and Somerton, 2009) . Perhaps target strength length relationship can change in response to different vessels. However, despite using three vessels in collection of data for this study, we did not find significant vessel effect in model (3). Selectivity of the BT is another issue that needs to be addressed when comparing BT and acoustic data. Variable selectivity of the BT could lead to bias in the estimation of equivalent s A from the BT catches and length frequency data. We believe that this issue had very limited impact on results of this study because the BT used in this study has been reported to be close to fully selective for sizes of pollock encountered (.20 cm; Somerton et al., 2011). We believe that Factors affecting the availability of walleye pollock these issues would not impact general trends in the relationships detected in this study. However, they could impact the specific results and need to be considered carefully before applying our results to actual survey data. The methods presented in this study can be applied to pollock in other areas and to other semi-pelagic species. However, it must be emphasized to note that parameter estimates are likely specific to the daytime EBS surveys only. In contrast to direct experimental studies (e.g. Handegard and Tjøstheim, 2005; Kotwicki and Weinberg, 2005) we utilized routine BT survey as the experimental platform to compare acoustics and BT data for the EBS pollock. The advantage of our method is that it likely encompasses wide range of environmental factors observed over entire survey area. However, the disadvantage is a lack of control over choice of the environmental factors. For example, we were limited to the depths up to 200 m, although pollock is known to be distributed over much greater depths in other areas (e.g. Kooka et al., 1998) . Our results were also limited to daytime conditions; different results would be expected if surveys were performed during night because of large changes in pollock vertical distribution during the night (e.g. Adams et al., 2009) . Additionally, variability of unmeasured environmental conditions over the survey area likely resulted in some unexplained variability. Focused behaviour studies of individual fish escape and retention in the catching process (e.g. Handegard and Tjøstheim, 2005) have an advantage of a choice of experimental locations. However, they are often limited to one or just few locations. Limited numbers of locations in such studies would likely result in inability to account for wide range of environmental effects, but it may provide ability to study some effects to the fuller extend than during surveys.
Results of this study underscore the importance of using both BT and acoustics when estimating the abundance of a semi-pelagic species, due to the uncertainties associated with each gear type. The BT may be better suited to estimate pollock abundance in the EBS because the majority of pollock in the water column are generally available to the BT in the daytime, and variability in q a,BT was lower than in q a,A . However, despite higher availability, Kotwicki et al. (2014) showed that pollock BT catch efficiency (i.e. q e,BT ) is density-dependent and variable (values ranging between 0.5 and 1). The effect of highly variable q e,BT will increase variability in catchability of the BT because it is one of two components of total catchability (i.e. q BT ¼ q a,BT × q e,BT ). In contrast, acoustic efficiency (i.e. q e,A ) for pollock can be assumed to be 1 , with variability in catchability of acoustic surveys dependent only on vertical availability of pollock in the water column above the ADZ (i.e. q A ¼ q a,A ). Further studies that incorporate uncertainty estimates associated with catchability are necessary to assess the suitability of each sampling method.
Although the samples used in analyses resulted in average q a,BT values much higher than average q a,A values, there are areas and conditions for which an acoustic survey would be more appropriate than a bottom trawl survey. For example, there were conditions, as illustrated by BL × BD interaction, in which pollock were more likely to reside up in the water column (FL ¼ 30 cm, fish density ¼ 5000 m 2 nm
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, and BTemp ¼ 38C). These conditions were uncommon in the BT samples, but are common in the areas where pollock are detected using the acoustic surveys (Ianelli et al., 2009; Honkalehto et al., 2011) . Most pollock 30 cm in length were predicted to be above the EFH of the BT (hence unavailable to the BT) in waters deeper than 80 m and light levels lower than 80 relative units (Figure 8a and b) . Under the same conditions, the majority of 30 cm pollock were available to the acoustic gear. These results are corroborated by BT survey selectivity curves derived in pollock stock assessments that show selectivity of the BT survey to be low for ages 1 -4 (length 10 -40 cm), while selectivity for the acoustic survey at these ages is much higher (Ianelli et al., 2009) .
The overall effect of variable catchability on abundance estimates and age-specific population trends derived from BT and acoustic surveys has not been quantified. Results of this study demonstrate the large variability in q a for BT and acoustic surveys, which underscores a need for a retrospective analysis of BT and acoustic survey data to assess effects of variability in survey q on total population abundance estimates from both gear types. This could be achieved by estimating availability and efficiency (i.e. q a,BT , q a,A , q e,BT ) for the EBS time-series of BT and acoustic survey data using models derived here and in Kotwicki et al. (2014) . Such a study could provide information on the times and areas that are best suited to sampling by either BT or acoustic gear types and areas that should be sampled using both gear types due to high variability in q a values. However, at this point, such a study remains challenging because of lack of the environmental data for most of the past surveys, sparse environmental data collection during EBS pollock acoustic surveys, differences in coverage of the BT and acoustic surveys, time-lag between surveys, and high variances in predicted availability and efficiency at some survey locations. Additionally, past and present acoustic survey procedures require scrutinizing data only down to 3 m above detected seabed resulting in further reduction in pollock availability (Honkalehto et al., 2011) . Looking into the future, most of these challenges can be overcome by conducting future BT and acoustic surveys on the same vessel as it is done for semi-pelagic species in the Barents Sea (Jakobsen et al., 1997) . Calculation and comparison of population abundance estimates would also provide insight into survey-wide variability in catchability for both gear types.
